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Acoustic model of BLSTM-CTC based on NAO robot
HU Xiying, WANG Dadong, CHEN Jiaxin

(College of Computer, Jilin Normal University, Siping Jilin 136000, China)
[ Abstract] Aiming at the problem of low accuracy of NAO robot’s own speech recognition, an acoustic model research method
based on NAO robot BLSTM~-CTC is proposed.Based on the acoustic model of BLSTM~-CTC, an end-to—end system for Chinese
speech recognition is established by taking BLSTM as the acoustic model and CTC as the objective function, and taking phonemes as
the basic modeling unit. Experimental results show that compared with NAO robot itself, the proposed algorithm achieves good

recognition performance.
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Fig. 2 Basic structure diagram of Bi—RNN
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Fig. 3  Structure diagram of BLSTM — CTC speech recognition

system
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Tab. 1 Comparison of BLSTM - CTC system performance under

different network layers
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different cycle times
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Tab. 2 NAO robot and end—to—end system comparison
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